Abstract. Non-contact sensing using multispectral imaging was evaluated for rapid, nonintrusive sensing of leaf surface wetness. The changes in spectral reflectance in near-infrared (700-1300 nm) and mid-infrared ranges (1300 to 2500 nm) caused by leaf surface moisture were investigated. Spectrophotometric imaging, where both spatial and spectral information were simultaneously acquired, was used for object identification and characterization. Multispectral images were recorded using a broadband camera fitted with a filter wheel with high precision interference filters. Spectral and spatial background-reflectance compensation approaches were evaluated for accurate leaf surface water analyses. To evaluate the feasibility of using the multispectral technique to quantify leaf surface moisture, a sensitivity analysis was performed to estimate the minimum detectable surface water thickness.
Leaf Surface Wetness Detection Using Ground Based Multispectral Imaging

INTRODUCTION:
Leaf surface wetness detection is important in plant production for pesticide application evaluation. Spray technology research suffers from lack of an accurate, easy, rapid, and inexpensive method for evaluation of pesticide deposition (Salyani, 2000) . Pesticide deposition measurements are required for models of environmental fate and are imperative if spray accountancy is to be achieved. The predominant method for measuring deposits is via artificial targets properly positioned in the spraying area. This is a simple, effective and direct method but it can never fully represent the natural target. Moreover, artificial surfaces need to be positioned prior to application, disturbing the crop and leading to operator bias. Artificial targets may not accurately represent the morphology of the canopy and not collect the same quantity of spray since it is well known that changes in the topography and angle of a target greatly affect collection efficacy (Lake, 1977; Uk, 1977; Richardson, 1987) . Moreover, it is often difficult to protect them from accidental contamination (Cooke and Hislop, 1993) and sampling on these surfaces is totally different than sampling of the target leaves (Matthews, 1992) . However, although this is a cumbersome and sensitive process, the cost and time for analysis often limits the numbers of samples that can be processed. If, after the spraying operation, the leaf surface is wet, it can be reasonably assumed that the plants have received the intended chemical applications. In-situ non-contact leaf wetness sensing techniques will alleviate this assessment problem. Traceability and the effective monitoring of applications are key factors influencing the development of control systems for application equipment that deliver improvements in pesticide use by better matching applications to target requirements.
Several authors have reported that optical remote sensing techniques offer the potential to monitor crop conditions (Nutter et al., 1990; Malthus and Madeira, 1993; Penuelas et al., 1997) . Vegetation indices, relating near-infrared to visible reflectance, are commonly used to estimate plant parameters, such as biomass and leaf area index. They may also be alternative tools for sensing and monitoring leaf/canopy wetness. Surface water could be detected based on changes in reflectance after the addition of water on top of the leaf. Liquid water is one of the main parameters that affect the leaf reflectance. Curcio and Petty (1951) stated that there are four prominent water absorption bands in the near-infrared that occur at 970, 1190, 1450 and 1940 nm. In order to detect leaf surface water, a possible approach is to measure the reflectance of the leaf, which is influenced by the total amount of water (both surface and internal water) in the sensor's field of view. Spectral reflectance of the leaves could be measured before and after spraying and leaf wetness be assessed using the differences in the spectral measurements.
Multispectral imaging is a low cost alternative to expensive spectroradiometer sensors for collecting reflectances of objects. To accomplish this, multiple images of a single field of view (FOV) are captured where each image is based on the reflected light in a specific spectral band. If the canopy ground coverage is not 100%, the sensor's FOV will include not only the canopies but also the background. The measured reflectance may also include light that has been retransmitted through the leaves from the underlying material. Thus, the spectral information collected is a mixture of reflectance of the objects of interest (i.e. leaves) and also their background (i.e. soil) in the sensor's FOV. It is necessary to remove background contributions to obtain compensated spectra for accurate leaf surface water analyses. From the compensated reflectance data, numerical inversion techniques that are based on a reflectance model PROSPECT (Jacquemoud and Baret, 1990) could be used to retrieve the "equivalent water thickness" (EWT) parameter. Leaf surface moisture could be quantified from the relative differences in the EWT values retrieved from the reflectance data measured before and after spraying operations. In order to evaluate the feasibility of using the multispectral technique to quantify leaf surface moisture, a sensitivity analysis is required to estimate the minimum detectable surface water thickness.
Intelligent machine vision systems that can identify target canopies and direct application of sprays can have a tremendous effect on the economies of agriculture, reducing both the overall input cost and environmental contamination. Feedback control of nozzles based on a leaf wetness sensing system could considerably improve the effectiveness of the pesticide application. The overall goal of this research was to develop a non-contact multispectral methodology to quantify added leaf surface moisture. The specific objectives of this research were: 1) To develop a multispectral imaging setup to capture images of leaves in the visible (VIS), near infrared (NIR) and mid-infrared (MIR) ranges. 2) To evaluate spatial and spectral approaches to compensate for the background-reflectance and to extract the fraction of pure leaf components from the multispectral images. 3) To perform sensitivity analysis for estimating the minimum detectable water film thickness using the multispectral imaging setup.
METHODS:
With the above objectives in mind, the methodology has been framed from designing the multispectral imaging setup to an evaluation of its performance to quantify leaf surface moisture.
Multispectral Imaging System:
A monochrome tube camera (Micronviewer 7290A, Electrophysics Corp., Fairfield, NJ) that has a spectral sensitivity from 400-2000nm was used to collect multispectral images. For a good estimation of the total amount of water in the sensor's FOV, the following 12 precision interference 1-inch diameter filters with central wavelengths that span from VIS (450nm, 550nm, and 650nm), NIR (700nm, 780nm, 970nm, 1050nm, 1180nm), to MIR wavebands (1450nm, 1460nm, 1551nm, and 1950nm) were selected. The filters selected in NIR and MIR corresponds to water absorption bands. The electro-mechanical filter-wheel setup (ISI Systems Inc., Santa Barbara, CA) was mounted between the camera and the lens and was controlled using a handheld RS-232 controller. The source of illumination was a single strobe tungsten light bulb with continuous and stable spectral output from ~200-2500 nm. A pair of gooseneck fiber optic light guides was used to avoid heat build-up at the leaf surface. The images were captured onto a personal computer using a framegrabber (Meteor II, Matrox Electronic Systems Ltd., Dorval, Canada). The images had a spatial resolution of 640x480 pixels. The distances between the camera and the targets were manually adjusted to acquire sharp images. The multispectral imaging setup had a spatial area of 42 cm 2 in the FOV. The camera's gain was adjusted to maximize image intensity of the lowest spectral band of interest and also to avoid saturated images. Same gain setting was then used for image acquisition of all spectral channels. Each measurement consisted of recording 12 images corresponding to each wavelength by rotating the filter wheel. To measure dark current, images were captured using the same gain and exposure settings but with the lens-cap on. Intensities of pixels in the dark current image are offsets that need to be subtracted from multispectral images for reflectance calculation. The 12 images from each dataset were stacked into a 3-dimensional multispectral datacube array.
Reflectance was calculated using equation (1), where R λ is the reflectance at wavelength λ; I λ is the pixel gray value at wavelength λ of the original image; D (dark current) is the pixel gray value of the camera in the dark; W λ is the pixel gray value at wavelength λ of the white reference.
In order to evaluate the performance of the multispectral imaging system, the reflectances calculated from the multispectral image dataset were compared with that of the reflectances measured simultaneously using a spectroradiometer (PS-2, ASD, Inc., Boulder, Colorado). This was evaluated at two circumstances, when the leaves had surface water and when the leaves had no surface water. Student's t-test and Pearson's correlation coefficient (measures the strength of the linear relationship between two variables) were used to see if the reflectance data from the image dataset were similar to those from the spectroradiometer. Pearson's Correlation Coefficient is usually signified by r, and can take on the values from -1.0 to 1.0. Where -1.0 is a perfect negative correlation, 0.0 is no correlation, and 1.0 is a perfect positive correlation.
Background-Reflectance Compensation:
The measured pixel intensity in the multispectral image is a result of irradiance of objects and background within the FOV of the sensor. Lillesater (1982) reported that the apparent reflectance was nearly unaffected by the background in the UV and VIS regions with an exception of the green region of around 550nm where there was some effect. Background had a large effect on apparent reflectance in the NIR region, particularly between 750 and 1300 nm. This region is referred to as the NIR plateau. Regions dominated by water absorption follow at 1450 and 1950 nm. These areas were only slightly affected by background, with the band at 1450 nm being more affected than the band at 1930 nm. In order to remove the background effects in the NIR and MIR regions of the spectrum, a spectral and a spatial approach were proposed for background-reflectance compensation. The spectral approach aims at compensating the measured reflectance for background-contamination using a linear unmixing technique. The spatial approach aims at extracting only the vegetation pixels from the multispectral images using a vegetation index. The spectral approach determines the fractional contribution of vegetation and background in the FOV with a spectral resolution of unity. Hence the reflectances of all the 640x480 pixels in each multispectral image were averaged such that one reflectance reading represents everything in the FOV. In the spatial approach, the 640x480 pixels in each multispectral image were classified into either vegetation or background based on a threshold, and the reflectances of vegetation pixels were averaged after separation.
Spectral Approach:
A linear unmixing model has been set up for the expression of the radiometric proportion of each endmember. This model linearly unmixes known endmembers from a spectral image and creates endmember fraction images on output, with pixel values being an estimate of the fractional contribution by that endmember. The least squares estimation method was used to estimate the mixing proportions using a linear mixture model. Given the spectra of each pure endmember and for known number of endmembers, the observed pixel value in any spectral band is modeled as shown in (2) with the assumption that each endmember produces only a single radiance, and the mixed spectrum is a linear combination of endmember radiance spectra (Boardman, 1994; Adams et al., 1986) . This linear mixture model can be mathematically described as a linear vector-matrix equation:
where, λ = any given spectral waveband; j = 1,. . .,n (number of endmembers); Rm λ = measured spectral reflectance of the ith spectral band of a pixel; R λj = known spectral reflectance of the jth component; F j = the fraction coefficient of the jth component within the pixel; E λ = error for the ith spectral band, which accounts for the random measurement error.
Estimation of the fraction coefficients, F j is done through equation (3) by minimizing the sum of squared error(SSE) where p is total number of spectral wavebands considered:
The compensated reflectance Rc λ of the pure endmember is calculated as in equation (4):
For example, the compensated reflectance for the pure leaf component in the image comprising of soil as the background would be as follows:
The linear unmixing approach was evaluated using the reflectance data collected using the spectroradiometer in the spectral range of 400 -2500 nm. Experiments were conducted by varying the amount of vegetation in the FOV of the sensor. The amount of vegetation was varied from 0% to 100% in 12.5% increment intervals, with 0% and 100% representing pure soil and pure leaf, respectively. The linear mixing model in this case can be represented as:
where 'a' is the endmember fraction of soil and 'b' is the endmember fraction of leaf.
It was also of interest to evaluate the accuracy of the linear unmixing approach for backgroundreflectance compensation with an unknown percentage of vegetation in the field of view of the spectroradiometer sensor, at the canopy level. The monochrome camera and the spectroradiometer sensor were positioned above the target such that the FOV of both the camera as well as the spectroradiometer were the same. Grayscale images and spectral reflectance were recorded simultaneously using the camera and the spectroradiometer, respectively. This approach was to evaluate the feasibility of using a lower cost system that will consist of a low cost spectrometer and a low cost black and white camera to estimate vegetation fraction in the FOV. Since low cost spectrometer was not available, the spectroradiometer was used to evaluate the technical feasibility.
The accuracy of the linear unmixing procedure was evaluated at the canopy scale by comparing the fraction of vegetation calculated from the grayscale images with the vegetation endmember fractions extracted from the reflectance measurements using equation (6). The performance of the linear unmixing model for background-reflectance compensation was evaluated using 39 plants under two scenarios, placing the potted plants directly on top of a wooden bench and placing them over soil medium, which reflect the growing practices in greenhouses. The spectroradiometer sensor had an 18 o FOV. The sensing area was circular with an area of 314 cm 2 when the sensor was mounted at nadir looking downwards at a height of 64 cm from the canopy surface. This means that the sensor was "seeing" everything directly below within a circle of 20 cm diameter. The camera height was adjusted such that its FOV was the same as that of the spectroradiometer sensor i.e., the camera was also "seeing" a circle with a diameter of 20 cm completely. The images from the camera had a resolution of 640x480 pixels; hence the images were cropped to exclude 80 pixels both from the left and right sides of the image to make the image 480x480 pixels. Image analysis software (VISILOG, Neosis Software, 91540 Les Ulis Cedex, France) was used to calculate the percentage of vegetation in the images. 39 potted plants were used for this analysis. The plants were placed on the table one at a time and grayscale images were captured, and reflectance measurements were recorded simultaneously. The fraction of vegetation in the grayscale images was calculated from the top projected canopy area calculated using the image analysis software. The linear unmixing model was used to extract the pure vegetation fractions from the spectral reflectance measurements, and was compared with that of the vegetation fraction extracted from the images.
Spatial Approach:
To extract the vegetation component from the multispectral images, a vegetation index known as "Normalized difference vegetation index" (NDVI) was evaluated. NDVI is used as the spectral feature to classify vegetation pixels from background pixels, even though the pixel spectral information is also affected by neighboring pixels. NDVI is an indicator of amount of vegetation in the image (Baret et al., 1989; Richardson and Wiegand, 1977) . Vegetation exhibits high reflectance in the near-infrared portion of the spectrum and relatively low reflectance in the red portion of the spectrum. In red and near-infrared bands, the contrast between vegetation and soil is maximal. NDVI is defined as:
where R NIR is the reflectance in the NIR waveband (780nm) and R red is the reflectance in the red waveband (700nm). An NDVI thresholding value was selected to separate the vegetation pixels from the background pixels. Using the thresholded image as a template, the vegetation pixels were extracted from each multispectral dataset. The average reflectance of only the vegetation pixels in each spectral image was calculated using equation (1). In order to evaluate the performance of the spatial approach, student's t-test was performed between the average reflectance of the vegetation pixels and the pure leaf reflectance measured by the spectroradiometer.
The approach of using NDVI to extract the pure vegetation components from the multispectral images was evaluated at the canopy level with the images taken with 2-inch diameter filters of 671nm for the red waveband, and 800 nm for the NIR waveband. 2-inch diameter filters were used for the canopy scale measurements as the 1-inch filterwheel setup that was used for the leaf scale measurements was too small to see the entire canopy.
Sensitivity Analysis:
Numerical inversion techniques that are based on reflectance model PROSPECT were used to extract parameters representing leaf specific properties. The model predicts the leaf reflectance and transmittance between 400 and 2500 nm. Many leaf biophysical parameters such as chlorophylls a+b, lignin, protein, cellulose, leaf internal structure, equivalent water thickness, etc., can be retrieved from PROSPECT model inversion. Our inversion task is to determine the equivalent water thickness (EWT) from the measured reflectance spectra. This parameter takes into account the light absorption by leaf water content in the mid-infrared spectrum. The model inversion procedure developed by Yang and Ling, (2002) was used to calculate the EWT from reflectance. To make the model inversion process more accurate, the compensated reflectance calculated using linear unmixing approach (equation (5)), and the average reflectance of the leaf pixels calculated using NDVI were inputted into the model to extract EWT. Statistical tests were performed to test if the EWT values retrieved from the two datasets were different from each other.
To determine the minimum detectable water film thickness on the leaf surface using the multispectral imaging procedure, a sensitivity analysis was performed. Known amount of water was added onto the leaf surface and the reflectance calculated from the ROI of the multispectral images. The EWT value of the leaves was calculated for fresh leaf samples of the New Guinea Impatiens plants, using equation (8) 
EWT was also calculated using model inversion from the reflectance data sets. The amount of surface water added could be calculated as the difference between the EWT values retrieved from the reflectance data and the EWT values calculated using equation (8).
RESULTS AND DISCISSION:
3.1. Multispectral Imaging System: An experimental setup was established for the spectral imaging task (figure 1). The filter wheel mounted between the lens and the camera acted as an extension tube thus decreasing the focal length. Thus, a focal length extender (E54-356, Edmund optics, Barrington, NJ) was mounted between the filter wheel and the lens. The field of view was 42 cm 2 in the object plane, and the view depth was 1 cm. The time required to rotate the filter wheel and capture each set of multispectral image was 2 minutes.
The performance of the multispectral imaging system was evaluated by comparing the reflectances calculated from the multispectral image datasets with that of the reflectances measured simultaneously using the spectroradiometer. Student's t-test showed that the reflectances from the two sensors were not significantly different from each other at 95% confidence level. Pearson correlation analysis was evaluated at two circumstances, when the leaves had surface water and when the leaves had no surface water. The results of the analysis are shown in table 2. As it can be seen from table 2, all the datasets had high positive correlation values indicating that the reflectances calculated from the image datasets were representative of the true reflectances of the objects. The correlation coefficient for all the reflectance data from the leaves having surface water was lower than that of the leaves without surface water. The spectral camera had a poor signal to noise ratio at MIR range above 1500 nm. Hence the spectral images captured in the MIR had little spectral information. Since all the filters selected in the MIR correspond to water absorption bands, the lower correlation values for leaves having surface water are understandable.
Background-Reflectance Compensation:
For the spectral approach of using the linear unmixing technique, the measured reflectances at the 12 wavebands were compared to the modeled reflectances calculated using equation (6). The measured mixed reflectances for one dataset are shown in figure 2. As shown in figure 2, as the percentage of vegetation increased in the FOV of the sensor, the reflectance in the NIR region increases while the reflectance in the MIR decreases. Reflectance in the NIR is affected by the internal leaf structure, relatively higher reflectance occurs in this waveband; the decrease in reflectance in the MIR region is contributed by the absorption by water content. Figure 3 shows the one-to-one correspondence of the measured and modeled reflectance spectra for the 12 wavebands, for increasing mixing proportions of vegetation from 0% to 100% (increments of 12.5%) in the FOV of the spectroradiometer. There was a good match between the calculated reflectance data using the model and the measured reflectance data, for each of the 8 mixing scenarios. The endmember fractions of soil and vegetation mixing proportions were extracted from the mixed reflectance data by the least squares minimization technique using equation (3), and the R 2 values were 0.9879 for soil fraction extraction and 0.9956 for vegetation fraction extraction.
At the canopy level, grayscale images and spectral reflectance were recorded simultaneously using the camera and the spectroradiometer, respectively. ) show the background-reflectance compensation for one plant placed over the soil medium and one plant placed over the wooden bench, respectively. Equation (6) was used to extract the fraction of the pure vegetation endmember from the mixed reflectances. The fraction of vegetation extracted from the grayscale images and the fraction of vegetation component in the corresponding reflectance data are shown in figure 6. Student's ttest was performed to see if the endmember vegetation fractions extracted from the reflectance data using the linear unmixing model were significantly different from the fractions of vegetation calculated from the grayscale images. It was found that the endmember vegetation fractions extracted from the reflectance data were not significantly different from the vegetation fractions extracted from the grayscale images at 95% confidence level. This was true under both scenarios when the plants were placed directly on the wooden bench or over the soil medium. As shown in figure 6 , the accuracy of extraction of the endmember vegetation fractions from the reflectance data was directly proportional to the percentage of vegetation in the FOV. In order to evaluate the performance of the unmixing model, the pure canopy reflectances were compared with the background-compensated reflectances for canopies placed over soil medium and wooden bench. Student's t-test showed that the background-compensated reflectance data were not significantly different from the true reflectance of the canopies at 95% significance level. Pearson's coefficient had high positive values for all datasets suggesting high correlation between the pure canopy reflectances and the background-compensated reflectances (Figure 7 ).
For the spatial approach to extract the pure leaf reflectance, NDVI was calculated from the multispectral images using equation (7) and it was found that NDVI had values greater than 0.5 for the vegetation pixels and less than 0.5 for soil pixels in the measured datasets. Thus, all the pixels in the multispectral image dataset that had a NDVI greater than 0.5 were extracted to be the region of interest (ROI) containing only leaf pixels and their reflectances were calculated using equation (1). It was found that the reflectances of the leaf pixels from each image dataset were not significantly different from their true reflectance (measured using the spectroradiometer) at 95% confidence level. At the canopy level, out of the 39 image datasets evaluated, NDVI was successfully used to extract the pure vegetation components from the background. This case was true under both the scenarios when the plants were placed over the soil medium and the wooden bench. Figure 8 shows the extraction of the pure vegetation pixels from one of the canopy scale images.
When comparing the two approaches for background-reflectance compensation, the spatial approach is easier to implement when compared to the spectral approach even though it operates on the entire image (640x480 pixels), moreover there are no model uncertainties involved in the spatial approach. It also has an added advantage that it doesn't require a priori information about the pure reflectances of all the objects in the FOV of the sensor whereas they are required for the accurate compensation of background-reflectance using the spectral approach. In terms of computational load, both the approaches didn't differ from each other very much, but the spatial approach was easier to implement using image processing algorithms such as thresholding and template matching using logical operators. The spectral approach relied on the optimization algorithm for least squares minimization. Cost wise, the spectral approach has a big advantage as low cost single element sensors are adequate for spectral information collection, whereas more expensive multispectral camera with several interference filters are required for the spatial approach. However, unlike the spectral approach, the accuracy of the spatial approach doesn't depend on the percentage of vegetation in the FOV of the sensor. The spatial approach performs well even for small percentage of vegetation in the FOV. On the other hand, there must be a good contrast between the spectral images that are to be used in the spatial approach using NDVI. For example, one cannot easily distinguish between two different types of vegetation from multispectral images such as weeds and crops. If the unique spectral signatures of the two types of vegetation are available, then the spectral approach could be used to distinguish between them using the linear unmixing model.
Sensitivity Analysis:
The extraction of true values of the equivalent water thickness (EWT) parameter depends on the data integrity in terms of inputting only the reflectance of the pure leaf component into the model. Thus, the compensated reflectances from the two approaches (spectral and spatial) were inputted into the PROSPECT model. The EWT values that were retrieved from the two groups (spectral group and spatial group) having 11 datasets each are shown in figure 9 . The EWT values for the corresponding 11 datasets were also calculated from weight measurements using equation (8). The calculated and the model retrieved EWT values were not significantly different from each other at 95% confidence level. Hence, either the spectral approach or the spatial approach can be used for background-compensation in the reflectance calculations. It was also of interest to see if the EWT values retrieved from the background-compensated reflectance data were significantly different from the ones retrieved from uncompensated/uncorrected reflectance data. Hence uncorrected reflectance data were inputted into the PROSPECT model to retrieve the EWT values which are also shown in figure  8 . Larger discrepancies between calculated and model retrieved EWT values are observed at higher values of EWT. This suggests the importance of background-compensation for data integrity. When the data were not compensated for background, the reflectance was still very high compared to the compensated reflectance data, leading to lower values of retrieved EWT. The EWT values retrieved from compensated reflectance data were significantly higher than the ones retrieved from uncorrected reflectance data at 95% confidence level.
Known amount of water was added to the surface of the leaves and images were captured using the multispectral setup. Reflectance values for the nadir-pointing sensor over the wet leaves were smaller than those obtained with leaves with no surface water for all the wavebands. The most noticeable difference between the wet leaves and the surface dry leaves occurred at 780nm. The reason can be attributed to the specular reflectance caused by the leaf surface wetness. Since pure water contains no internal reflectors compared with those formed by the cell wall-air interfaces inside a leaf, pure water reflectance is practically all bi-directional, non diffuse (Downing et al., 1993) . Hence, a high degree of specular reflectance is expected from wet leaves, especially at low elevations of illumination source (Kimes and Kirchner, 1982; Grant, 1987) .
The effect of added surface moisture on the reflectance of leaves has remained largely unknown. Pinter (1986) reported that high levels of dew on wheat changed reflectance in two regions of the spectrum. Reflectance increased in VIS and decreased between 1150 and 2350 nm, but was not affected in NIR (700-1100 nm). In the present work, changes in reflectance values due to added surface moisture on the leaves were similar to those found by Pinter on the wheat erectophile canopy. However, the most noticeable changes in wet-leaf reflectance were a decrease in NIR (700-1300 nm) and even more decrease in MIR (1300-2500), while the reflectance in VIS (400-700) was almost unaffected.
Reflectances were calculated using equation (1) and were inputted into the PROSPECT model to retrieve the EWT values. The EWT values were also calculated from the weight measurements using equation (8), which represents the total amount of leaf internal water. EWT values retrieved from the reflectance data by model inversion represent the total amount of moisture present in the field of view of the sensor (both leaf internal water and surface water). Hence, the difference between the EWT values calculated from the weight measurements and the reflectance measurements was assumed to be the leaf surface water. The EWT values are shown in table 2. The minimum detectable surface water using the multispectral imaging system was found to be 0.006 cm. A typical spraying operation leaves approximately 0.01-0.05 cm of surface water on the leaves. Hence, multispectral imaging system has the potential to sense the presence of surface water on the leaf surface. It can be seen that the error in estimating the leaf surface moisture is of the order of 30%. This might have been the result of the poor signal to noise ratio of the spectral camera in the MIR waveband. Even though the percentage of error seems to be somewhat high, the error values are consistent, which indicates that there is room for reducing the error. Further research is needed to investigate how to minimize the error.
CONCLUSIONS:
A multispectral imaging system was developed for assessing added leaf surface moisture from spraying operations. The reflectances calculated from the multispectral image datasets were representative of the true reflectances of the objects. Reflectance values for the nadir-pointing sensor over the wet leaves were smaller than those obtained with leaves with no surface water for all the wavebands. The accuracy of leaf surface water assessment was improved significantly when soil background contributions to the multispectral information was compensated. There was no significant performance difference between the two background-compensating approaches, spectral and spatial. At the canopy level, the endmember vegetation fractions extracted from the reflectance data using spectral approach were not significantly different from the vegetation fractions extracted from the grayscale images at 95% confidence level. The accuracy of the spectral approach, however, relies upon the availability of the pure reflectance spectra of endmembers. The spatial approach was easier to implement than the spectral approach. Unlike the spectral approach, the accuracy of the spatial approach didn't depend on the percentage of vegetation in the FOV of the sensor. Sensitivity analysis showed that the multispectral imaging system can be used to detect added leaf surface water layer as thin as 0.006 cm or 243 liters/acre (54 gallons/acre) for a leaf area index of unity. 
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Spectral Approach Spatial Approach Uncompensated Reflectance Figure 9 . Comparison of the equivalent water thickness (EWT) retrieved from reflectance data with the measured EWT. The EWT values retrieved from background-compensated reflectances using the spectral and the spatial approaches were not significantly different from the measured EWT values at 95% confidence level. On the other hand, the EWT values retrieved from uncompensated reflectances were significantly different from the measured EWT values at 95% confidence level. 
